Abstract. The surface water table level is a crucial factor for the existence of wetland habitats, and valuable from the point of view of environmental protection. In particular, surface water table in a hydrological year play an important role, affecting the seasonal changes in conditions of the development of species inhabiting a given patch of vegetation.
Introduction 1.Fens and hydro-technical constructions
Water dependent habitats, like fens and bogs, play crucial role in a number of important environmental processes, such as water circulation or carbon dioxide accumulation in peat (Wang et al. 2016) . Conditions of fen habitats are determined by the seasonal dynamics of the surface water table. Specific bio-societies can be arranged only in terms of the shallow ground water table, which is important from the point of view of organic matter accumulation, and with seasonal floods, which limit less valuable and more common species of drier habitats (Pennings et al. 2004) . One of the biggest changes in fen habitats is the anthropogenic modification of rivers in valleys by projecting a channel layout in the plan, for example, the rectification of a channel for water drainage acceleration, or the development of new artificial channels (Gorn et al. 2013 ). In these cases, fen habitat additional water stress is introduced, and the process of species regression -mainly hydro-and helophytes -begins (Pennings et al. 2004 ).
Hydro-technical system in Kampinos National Park
Over the past century, the process of rapid artificial drainage development in Poland has become increasingly popular (Lipiński 2006) . This process can be observed in groundwater level course and is observed especially on area of the unique the Kampinos National Park (KPN), which consists of a mosaic of dunes and sensitive wetlands, where ground water level highly influences vegetation distribution and their health status (Piniewski et al. 2012; Kopeć et al. 2013; Krogulec, Zabłocki 2015) . The main watercourse (River Łasica) was rectified at the end of the 1960s (Gruszczyński, Krogulec 2012) . Before 60s it was a small natural stream which was draining water from local wetlands. After a hydrotechnical reconstruction, this river (named herein Łasica Channel) obtained a simple straight layout. During the period 1969-1998, seven weirs were constructed (Trandziuk 2015) . These weirs pile up water during the growing season, thus having an impact on fen habitats as an improving factor (Walker et al. 1994 ).
Environmental applications of UAV-borne photogrammetry
Recently, one of the most progressive solutions in photogrammetry is use of UAV (unmanned aerial vehicle) platforms for data acquirement. These platforms allow for data registration within small time periods, with a very high spatial resolution and accuracy, at a relatively low cost (Candiago et al. 2015) . They can be applied also at difficult to reach areas (e.g. flooded meadows). Smaller and lighter sensors are becoming available year by year as payloads for UAVs. Such UAV imaging platforms can be applied to many sectors, for example, in precision agriculture (Candiago et al. 2015) , thermography and energetic efficiency evaluation (Lagüela et al. 2015) , geodetic measurements (Eling et al. 2015) , forestry (Torresan et al. 2017 ) and hydromorphometry (Demarchi et al. 2016 ).
Remote sensing techniques for surface water detection
Detection of surface water using remote sensing is a commonly used technique, e.g. McFeeters (1996) , Rokni et al. (2014) , Jones (2015) . The most accurate methods are able to detect not only the surface water table but also groundwater using radar imagery (Jaya, Nagai 2017) . Applications also exist that use optical data, raw bands and results of their transformation (such as spectral indices; NDWI, MNDWI, NDMI, etc.) (McFeeters 1996) , combining them with PCA transformations for inundation detection, particularly in wetlands areas (Chormański et al. 2011) . Theoretically, the latter should constitute a very efficient data source for machine learning, which results from a high discriminant property and the particularly strong proportion between signal and noise (Pereira 1999) . Nowadays, low altitude images (including ultralight planes and UAVs) are frequently used. The low altitude allows for a better spatial resolution and accuracy compared to traditional aerial platforms that fly at higher altitudes (Turner et al. 2012) . Unfortunately, many of the techniques mentioned are very expensive and cannot be widely used. To overcome this, integrating data with multiple platforms and sensors is key, for example, using free of charge satellite images with small area ground truth images acquired by UAV platforms. With the tools provided by present-day machine learning processes, such as regression based on complex non-linear meta-estimators, it is possible to estimate water table area, with a very high spatial resolution (Gislason et al. 2006) .
In this work, the authors want to demonstrate the possibilities associated with the use of remote sensing images recorded from satellite platforms, to monitor the range of a free surface water table in the pilot area located within the basin of the Łasica Channel in the Kampinos National Park. The accuracy of the results of the remote sensing transformations will be assessed using high resolution images obtained with the use of a UAV and ground measurements.
Methods and results

VHR orthophotomap registration and processing
Very high resolution (VHR) photogrammetric images were acquired with a UAV during two field sessions: autumnal (18-21 November 2017) and vernal (14 April 2018). During the autumnal session, flights were made over 5 ground-truth polygons (GTP). During the vernal session, similar flights were made over 3 GTPs (the GTPs 2, 3 and 4 from the autumnal session). All of these GTPs were located in the area of the Kampinos National Park (Fig. 1) .
Within each of the GTPs, a geodetic control network (GCN) was developed. The GCN consisted of at least 10 ground control points (GCP). Each GCP was a high contrastive target (chessboard), easy to identify on the acquired images. The location of each GCP was measured using a Topcon GRS-1 GNSS-RTK receiver.
The DJI Phantom 3 Professional UAV was used. It is equipped with an on-board navigation system, including a GNSS receiver, accelerometer, magnetometer and barometer. This navigation system is supported by a visual positioning system (VPS). The UAV is also equipped with a high-resolution RGB camera with a focal length of 3.6 and an effective count of pixels at 12.4 million.
Each flight was executed at 50 m above ground level (AGL), with a velocity equal to 5 m/s. The common overlap of neighboring images was equal to 70% × 70%.
Registered images were processed into RGB orthophotomaps using Agisoft PhotoScan Professional. These products were prepared by a VHR image orthorectification. For this purpose, digital surface models (DSM) were used, obtained using dense-matching.
Obtained orthophotomaps were geometrically calibrated using GCPs. For this purpose, a population of GCPs was split into two subpopulations: Correction GCPs, used for geometrical correction and Validation GCPs, used for the evaluation of the quality of the corrections (Fig. 1) .
The resulting products were characterized by mean absolute fitting errors in a range between 0.08 and 0.14 m (Tab. 1). The distribution of GCPs was probably the most important factor affecting this measure. For accurate geometric comparability, the resulting orthophotomaps were resampled into a resolution of 0.05 m/pixel. For this purpose, QGIS implementation of nearest neighbor interpolation algorithm, was used.
Sentinel-2 image and index preprocessing
Level 2 satellite image products acquired by the Sentinel-2 mission were used (Drusch et al. 2012 and the 10 th April 2018 were chosen due to low cloudiness on these days. Each satellite image was masked into the KPN boundaries. This image was re-projected into the coordinate reference system (CRS) used for the GNSS-RTK and UAV-orthophotomap. The resultant image was characterized by a 10 m/pixel spatial resolution.
The blue (B), green (G), red (R) and NIR bands were selected in order to calculate the normalized difference water index (NDWI) (Fig. 2) , using the following formula (McFeeters 1996): where: B3 -reflectance for band 3,560.0 nm with FWHM = 45 nm, G band; B8 -reflectance for band 3,835.1 nm with FWHM = 145 nm, NIR band.
This index favors areas with a high reflectance in the G band and diminishes in areas with low NIR band reflectances (green but not plants). It has been proven that the NDWI is a strong tool for surface water detection (Huang et al. 2015) .
Optical bands and NDWI datasets were merged and split into the following datasets:
1 https://scihub.copernicus.eu/dhus/#/home 
• Set-1: All optical bands;
• Set-2: RGB + NIR;
• Set-3: RGB;
• Set-4: NDWI.
Free water table classification
Photointerpretation was performed on the basis of the VHR orthophotomaps. This consisted of the delineation of reference polygons that are completely covered by water (wet pixels, 1) and completely not covered by water (dry pixels, 0). Delineated pixels were then split into two subpopulations: classifier training pixels (CTPs) and classifier validation pixels (CVPs). Splitting was prepared into an equal count of pixels (50% × 50%), as the most pessimistic situation in machine learning (high deficiency of observations) yet with a large verification set. Splitting was prepared randomly, with wet/dry classes stratification.
Using the random forest classifier (RFC), which is accessible via the scikit-learn library (Breiman 2001 ), a two-class classification was made for each GTP. For every outcome, a confusion matrix was calculated.
The outcome of the wet/dry pixel classification is shown in Figure 3 , where GTP no. 3 was used. A reduction of the free water table area is visible, primarily in the southern part of the presented GTP (further from the Łasica Channel). For comparison green, the channel brightness wasis shown.
Percentage of wet VHR pixels regression
Due to the difference in spatial resolution of the VHR orthophotomap (0.05 m/pixel) and the low resolution (LR) Sentinel-2 image (10 m/pixel), the aggregation of VHR pixels was prepared. This was obtained by transforming binary features (wet/dry pixel) into near-continuous features that had a percentage of wet VHR pixels in the LR pixel.
For this purpose, wet LR pixels were counted and divided by the total number of VHR pixels in one LR pixel (size ratio equal to 40 000). This raster data can be interpreted as a surface, where 100% equals 100 m 2 of the free water table. Using these raster datasets, along with the Sentinel datasets mentioned in the previous chapter (Set-1, …, Set-4), the free water table surface was regressed to the entire KPN. The random forest regressor (RFR), extra trees regressor (ETR) and bagging regressor (BR) were applied as regressors (Breiman 2001; Geurts et al. 2006; Louppe, Geurts 2012) . The surface of free water was calculated for both the November and April acquisitions. For this purpose, each combination of two GTPs, from 
a set that includes the GTPs 2, 3 and 4 was used, as a learning dataset. The learning dataset was split into two subpopulations: regressor training pixels (RTPs) and regressor inner validation pixels (RIVPs). The pixels of one GTP were not included within the RIVPs and were used as regressor outer validation pixels (ROVPs). The regression RIVPs were then used for the evaluation of the R 2 -score of trained regressor. ROVPs (independent samples) were used for the RMSE evaluation. For the autumnal session, additional RMSEs were calculated using ROVPs from GTPs 1 and 5. As a part of the quality evaluation, differences in the percentage of wet VHR pixels were counted for each meta-estimator used as a regressor and for each Sentinel dataset (Tab. 3).
Tested meta-estimators show a similar distribution of errors measured on the basis of differences between the regressed and observed area of the free water table (ROVPs, Fig. 4) . Improved results (characterized by the lowest percentage of wrong estimated pixels) were acquired based on GTPs 3 and 4 than other combinations (Tab. 3, Fig. 4 ). This is clearly visible in Figure 4 , where the distribution of errors is characterized by a relatively low count of considerably large values and with small standard deviations. The worst (characterized by the highest percentage of wrong estimated pixels) result was acquired without GTP 3 as a part of the learning dataset. This is visible as a wide range of inlier points (Fig. 4) . 
Evaluation of changes in the area of a free water-table
Results characterized by the lowest RMSE and highest R 2 -score, described in the previous chapter, were used to evaluate the changes in area of the free water Fig. 5) . Likewise, -100 m 2 represents the opposite situation (blue pixels, Fig. 5 ).
Discussion
The spatial accuracy of the prepared UAV orthophotomaps is high (presented in Tab. 1, Fig. 1 Chen et al. (2018) . The accuracy of water detection at a large scale -using VHR RGB orthophotomaps -is high in comparison to Rokni et al. (2014) and Jones (2015) (Tab. 2) .
According to the information given in Table 3 , the results of the vernal session are slightly more accurate than for the autumnal session. This is due to plant necromass land coverage, whereby a large part of the wet area was hidden under the plants during the autumnal session. After the partial decomposition, the problem became much less serious. However, this is a considerable limitation for the method applied in this paper.
Significant differences in the used meta-estimator's efficiency were not detected (Fig. 4) . Results of the regression acquired using all bands were characterized by similar values of estimation quality. Unexpected low scores gained by predictions based on NDWI in the autumnal session can be caused by low quality satellite data (Tab. 3).
As it can be noticed in Figure 5 , the dataset that uses all optical bands may introduce noise, observed as sudden changes of the estimated value along diagonal lines. 
Conclusion
• VHR orthophotomaps may be an efficient source of ground truth information for water table area regression.
• Meta-estimators, like RFR, ETR and BR, are effective for water table area regression. They provide similar results.
• Satellite images for two acquisitions can be poorly comparable, even if they are characterized by low clouds coverage. This affects the results of the regression.
• The dynamics in plants biomass can be a serious limitation for water detection using optical images. In our experiment, it was shown that post-winter (i.e. vernal) acquisition can be more descriptive compared to prewinter sessions (i.e. autumnal).
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